ABSTRACT Multiple studies, which studied cortical generators and cerebral networks of P300 based on electroencephalogram (EEG) and functional magnetic resonance imaging, have investigated the possible mechanism underlying the inter-subject variability of P300 component. However, few studies have investigated the large-scale networks of P300 as well as the potential relationships between large-scale networks and P300, particularly in EEG signal. When using group independent component analysis (gICA) to investigate the large-scale EEG networks, some resting-state networks, such as the default mode network, have been observed, while the related task-state networks (TSNs) of P300 are still unknown. In this paper, we estimated the time courses of cortical voxels following EEG source localization and then adopted gICA at the group level to identify the related P300-TSNs. Thereafter, we constructed and further investigated the potential relationships between the properties of functional network connectivity (FNC) and P300 amplitude. Our findings revealed six best-fit common functional networks that participated in the generation of P300, namely, the primary visual network, visual network, central executive network, left parietal network, attention network, and sensorimotor network. Specifically, the FNC properties significantly related to the P300 amplitude, as well as some FNC connections. In addition, when using FNC properties to classify the high-and low-amplitude groups, a relatively high-classification accuracy of 87.26% for linear discriminant analysis and of 86.31% for support vector machine were achieved. These findings confirmed the validation of gICA in mining large-scale networks in cortical EEG and may help us better understand the inter-subject P300 variability.
I. INTRODUCTION
The P300 is evoked by the presentation of target stimulus in the oddball paradigm and shows its largest positive peak approximately 300 ms after the target onsets and prominently over the parietal regions [1] . During the task, individuals are required to only respond to the rare target stimulus (i.e., counting the number or pressing a button), while ignoring the frequent standard stimulus. The P300 has been widely used in investigations of cognitive functions since this event-related potential (ERP) component reflects arousal, attention, and stimuli processing in the brain [2] , [3] . Recently, when investigating the motorcyclist responses towards the collision warning system, the P300 and other physiological responses (e.g., N100) were investigated [4] . These findings demonstrated the effectiveness of collision warning system in promoting the alertness of the motorcyclist, since the increases of physiological response (e.g., increases in P300 amplitudes) were found in drivers. Meanwhile, the P300 has also been regarded as a possible biomarker in neuropsychiatric studies related to brain disorders including schizophrenia and Alzheimer's disease [5] . The P300 exhibits large inter-subject variability [6] , [7] , and larger P300 amplitudes over distinct areas have been acquired for poor navigators in driving tasks [8] .
The generation of P300 is attributed to the endogenous capacity of information processing in the brain. Previous studies, which utilized electroencephalogram (EEG), functional magnetic resonance imaging (fMRI), and intracranial recordings, have consistently demonstrated a ''P300 generator network'' that located at the frontal and parietal regions [9] , [10] . These regions belong to distinct functional systems of the brain that are simultaneously co-activated during tasks. For example, by using low-resolution electromagnetic tomography (LORETA), distinct scalp topographies and cortical sources for P3a and P3b were clarified [11] . Compared to the P3b, the P3a electrical field experienced a more anterior distribution, and related cortical generators were localized in the cingulate, frontal and right parietal areas. Lesions in certain areas led to the deficits in P300 component, i.e., decreased amplitude and prolonged latency [12] .
The brain functions as a complex large-scale network which extends on specialized brain regions that are spatially distributed but functionally linked [13] , regardless of whether the brain is at rest or engaged in a task. For example, previous study, which investigated the semantic long-term memory retrieval, has clarified the contributions of widespread neuronal networks across the brain to the semantic memory storage [14] . Previous fMRI studies have demonstrated the potential of identifying multiple specified functional networks (e.g., default mode network) that can be used to account for the intrinsic brain activity [15] , [16] . Different cognitive functions, such as attention, have been also demonstrated to be attributed to the large-scale interactions in the brain [17] , [18] . Recently, apart from the cortical generators, the cerebral networks related to P300 were also investigated [19] - [21] . Our previous resting-state EEG study also demonstrated a significant relationship between the P300 amplitude and resting brain network, as well as the inherent frontal-occipital modulation [22] . The mechanism that accounts for the inter-subject variability of P300 is still unclear, particularly in the underlying large-scale networks. In order to investigate the large-scale networks related to P300, some P300 studies used the dynamic causal modeling (DCM) to achieve this goal by investigating the interactions among the time courses (TCs) of cortical generators [23] , [24] . Moreover, some other fMRI studies have investigated the possible relationship between the single-trial response of EEG and network TCs of fMRI by using trialby-trial EEG-fMRI correlation approach [21] , [25] . The inferences of the brain responses using fMRI with the effective temporal resolution afforded by the P300 yielded activations in regions that were functionally connected, which included frontal, temporal, and parietal regions over right hemisphere [25] . However, seldom studies have considered the large-scale EEG networks of P300.
Motivated by Liu et al. [26] , [27] who reported largescale resting-state networks (RSNs) in high-density EEG, we intended to investigate if large-scale cerebral networks existed in EEG and to define which cerebral networks were involved in the generation of P300 in visual P300 tasks.
In this study, we adopted standardized LORETA (sLORETA) software [28] to acquire the TCs for all cortical voxels, which would be used in the estimation of large-scale cortical networks for P300. In fact, independent component analysis (ICA) is demonstrated to be a powerful tool for the extraction of functional connectivity pattern of synchronized neural activity and, in particular, for the retrieval of functionally distinct cerebral networks [29] , [30] . In this study, we then employed a multivariate and data-driven spatial group ICA (gICA) [31] , [32] to investigate the large-scale cortical networks of P300, since gICA can determine a subset of spatial maximally independent components (ICs) that are known as large-scale functional networks [33] , [34] . In addition, each IC contains an independent spatial map and its associated TC of activation [35] . The former is expressed in terms of z-scores that show the functional connectivity (FC) of a given voxel TC with the temporal signal of the specific IC [15] , and the latter denotes a meaningful temporal dependency termed functional network connectivity (FNC) [32] , [36] . Eventually, we analyzed possible relationship between the large-scale networks and P300 component (e.g., FNC properties versus P300 amplitudes) to investigate the mechanism that could account for the variability of P300 across subjects.
II. MATERIALS AND METHODS

A. PARTICIPANTS
The present study was approved by the Ethics Committee of the University of Electronic Science and Technology of China (UESTC). Before experiments, all participants were given the written informed consent, and required to sign their name on it. Twenty-seven healthy right-handed (self-reported) postgraduate students of UESTC (males, age 25.36 ± 1.59 years) were encouraged and paid for their efforts to take part in our current experiment. All subjects had the normal or corrected-to-normal vision. None of them had used any medication, and there had been no personal or family history of psychiatric or neurological disease.
B. EXPERIMENTAL PROTOCOL
In our present study, we collected EEG data sets in compliance with a standard protocol which consisted of a 4-minute eyes-closed before-task resting-state, 3 runs of P300 tasks, and a 4-minute eyes-closed after-task restingstate ( Figure 1 ). As demonstrated in previous P300 studies, the presentation probability of target stimulus in the oddball paradigm influenced the P300 components. The P300 amplitude decreased with increases in target stimulus probability [37] . Coincided with previous studies [38] , [39] , a presentation ratio of 1:4 between target and standard stimulus was adopted in this study. For each time of P300 task, a total of 150 stimuli were included, which consisted of 120 standard stimuli and 30 target stimuli. In each time of P300 task, a target or standard stimulus was presented on the computer screen in a random order. In each P300 trial, a bold cross, a thin cross, a presentation of stimulus, and a black screen were predesigned. Concretely, the appearance of a bold cross indicated the beginning of the experiment and alerted subjects VOLUME 6, 2018 FIGURE 1. Experimental protocol used in this study. A standard protocol of experimental design, which included an eye-closed before-task resting, 3-runs of P300 tasks, and eye-closed after-task resting, was used. The down-oriented triangle with a thin cross in the center denoted a target stimulus, while the upward-oriented triangle with a thin cross in the center denoted a standard stimulus. In each P300 trial, a 250-ms attention alert, a 500-ms preparation cue, a 500-ms stimulus presentation, and a 1000-ms black screen were included. Only standard or target stimulus appeared once in one trial.
to concentrate. After 250 ms, a thin cross appeared, indicating the stimulus onset. After 500 ms, either a target or standard stimulus appeared. Once subjects noticed the presentation of target stimulus, they were required to mentally count the number of presented target stimulus as quickly and accurately as possible. The downward-oriented triangle with a thin cross in the center denoted a target stimulus, while the upwardoriented triangle with a thin cross in the center denoted a standard stimulus.
C. EEG RECORDING
EEG data sets were recorded with 61 Ag/AgCl electrodes distributed in compliance with 10-20 international electrode placement system, and digitized with a sampling rate of 500 Hz. In addition, two other electrodes, which were labeled as vertical (VEOG) and horizontal electrooculogram (HEOG), were positioned on the right side of right eye and below the left eye to monitor subjects' eye movements. The online filtering band was set as 0.01-100 Hz. Electrodes FCz and AFz served as the reference and ground during online recording, respectively. During the whole task, impedances of all electrodes were kept below 5 k .
D. P300 WAVEFORM
After excluding VEOG and HEOG, two other channels were then visually asserted as noisy channels due to the poor signal quality on these two electrodes. Since it was subjective to replace the noise channel from the averaged activity of neighbor channels, and also these two channels (i.e., AF7 and AF8) were localized to the boundary of the brain, we thereby excluded these two channels from any further analysis. Thereafter, remaining fifty-nine channels were included in our large-scale network analysis. In order to acquire a clear P300 component, P300 data sets were preprocessed in compliance with a standard preprocessing protocol, which had also been implemented in our previous study [22] .
Reference Electrode Standardization Technique (REST) has been demonstrated to be a mathematical technique that aims at building a bridge between the traditional references (e.g., a scalp point or average reference) and theoretical zero reference [40] , [41] . So far, the merit of REST reference has been demonstrated in different studies including EEG spectrum [42] , [43] , ERPs [44] , [45] , and brain network analysis [46] , [47] . In this study, we first re-referenced task data sets to a neutral reference of REST [40] , [41] by using the REST toolbox [48] (website: http://www.neuro.uestc.edu.cn/rest/). Previous study has demonstrated that the relatively high frequency of high-pass filter (e.g., 1 Hz) might lead to the ERP waveform distortions that produce spurious results [49] . In order to filter out the artifacts in low frequency (e.g., flicker noises from the electrical devices), 0.5 Hz seems to be a reasonable choice. In this study, in order to reduce the effects of lowfrequency drift and high-frequency noise, the re-referenced P300 data sets were offline bandpass filtered within the frequency range of [0.5 Hz, 30 Hz] [50] , [51] . For each stimulus, we extracted a P300 segment within the time interval of [−200 ms, 800 ms] (0 ms denotes the presentation of stimulus in P300 task). Meanwhile, the data segment within time interval of [−200 ms, 0 ms] before stimulus onsets was subtracted from the whole P300 segment to remove any potential baseline drift. Although ICA can also be used to remove the artifacts contained in P300 data sets, the artifact ICs have to be picked out by researchers themselves, based on the scalp topographies of all ICs, which is subjective. Specifically, researchers should ensure the accuracy of artifact ICs, and the removal of ICs sometimes can also result in the loss of information related to P300. On the contrary, some other studies used a predefined threshold during preprocessing to exclude (or reduce) the effects of artifacts on P300 components [50] , [52] , which was also demonstrated to promise a clear P300 ERP. In this study, a threshold of ±75 µv was also used to exclude P300 trials still contaminated by artifacts with high amplitudes [22] .
After preprocessing, the remaining target trials were trialaveraged to achieve a clear P300 ERP for each subject. In order to evaluate task performance of each subject, based on the averaged P300 ERP, within interval of [300 ms, 500 ms] after the presentation of target stimulus, we extracted the highest peak of the ERP at electrode Cz and defined this peak amplitude as the P300 amplitude.
E. GICA-BASED LARGE-SCALE CORTICAL EEG NETWORKS
Using sLORETA (v20170220) [28] , cortical sources of the P300 can be accurately determined by estimating the maximum current density in three-dimensional space which matches the digitized Montreal Neurological Institute (MNI) atlas. In sLORETA, the solution space consisted of 6239 voxels at 5 mm spatial resolution in a 3-shell realistic head model. Herein, in this study, we acquired the TCs of all cortical voxels (i.e., 6239 × 500 total), which corresponded to the averaged P300 ERP (59 × 500).
Afterwards, spatial gICA (GroupICATv4.0a) was adopted to decompose the aggregated TCs of all voxels into spatially independent ICs. The TCs of cortical voxels were initially reduced to a lower dimensionality at the subject level using principal component analysis (PCA), and were then concatenated together as one group. The Entropy Bound Minimization (EBM) ICA algorithm [53] was utilized to estimate the ICs, which was repeated 70 times by using the ICASSO [54] to identify the most robust and reliable ICs. Meanwhile, the gICA was used to back-reconstruct the ICs for each subject. We then extracted the spatial maps and related TCs of all ICs. Finally, all ICs were visually inspected by researchers to exclude the artificial components; based on previous related studies [21] , [36] , [55] , [56] , six ICs were identified as being correlated with the P300. Each of these six ICs was conceptualized as a specific network [57] , and consisted of multiple brain regions with unique patterns of covaried hemodynamic TCs. Although these ICs were spatially independent, temporal correlations still exist among the TCs of components [32] , [36] .
F. FUNCTIONAL NETWORK CONNECTIVITY
Before FNC analysis, we extracted related time series of each IC for each subject. Then, Pearson's correlation coefficients among the TCs of these six networks were calculated, resulting in an FNC correlation matrix with the dimension 6 × 6. Using Fisher's z-transform, all correlation coefficients were transformed to z-scores. Then, undirected weighted graphs were constructed from the FNC correlation matrices for each subject. A weighted graph consists of a set of nodes and weighted edges that contain the connectivity information between network nodes. In this study, we set the relevant components (networks) as the nodes and set the z-scores between network TCs as the weights of edges. However, it is impossible to avoid some negative correlations when calculating Person's correlation coefficients. In this study, we used the absolute value of all the correlation coefficients.
The FNC efficiency can be efficiently measured by both the local and global measurements [58] . Clustering coefficients (CC) and characteristic path length (CPL), which separately estimate the potential of functional segregation and integration of a brain network [59] , were then calculated to quantitatively measure the local and global information processing capacity of the brain. In this study, based on the undirected weighted networks of all subjects, the weighted FNC properties (i.e., CC and CPL) were calculated by using brain connectivity toolbox (BCT, http://www.nitrc.org/projects/bct/).
Let w ij and d ij represent the weighted FNC connection strength and shortest weighted path length between nodes i and j, respectively. N represents the total nodal number in the network, and represents the set of FNC nodes. CC and CPL were formulized as follows: 
G. CLASSIFICATION OF THE HIGH-AND LOW-AMPLITUDE GROUPS
In this study, three subjects had moderate P300 amplitudes; the remaining twenty-four subjects were then equally divided into the high-and low-amplitude groups according to their P300 amplitudes. By adopting the linear discriminant analysis (LDA) and support vector machine (SVM) with default parameters, we intended to classify the high-and low-amplitude groups based on these weighted FNC properties (i.e., CC and CPL). In this study, four-fold cross validation was adopted to assess the classification performance, which was then replicated 1000 times. The final accuracy was the averaged results of these 1000 times of cross validation. Thereafter, we employed permutation test with 1000 times to assess the classification performance [60] . In each time of permutation, the labels of subjects were randomly shuffled prior to the classification analysis, to exclude the possibility of classification performance occurring by chance. 
III. RESULTS
A. ICS DERIVED FROM GICA
Among all spatially independent ICs, six components were visually selected as best-fit brain networks related to P300. Figure 2 shows the independent statistical maps (SMs) of the selected networks (components). These networks were the primary visual network (IC#5, PVN), central executive network (IC#7, CEN), attention network (IC#11, AN), left parietal network (IC#14, LPN), visual network (IC#24, VN), and sensorimotor network (IC#37, SMN). A detailed description of each SM, including regions of activation, numbers of cluster voxels, T-value of peak activation, and MNI coordinates, are provided in Table 1 .
B. FNC INDICES RELATED TO P300 AMPLITUDES
Based on the constructed FNC, we first investigated the underlying relationships between the FNC linkage strengths VOLUME 6, 2018 and P300 amplitudes. This study demonstrated that the connection between the SMN and VN showed significantly positive relationship with the P300 amplitude (r = 0.551, p < 0.05), which passed the false discovery rate (FDR) test. Afterwards, we investigated the potential relationship between the CC (also CPL) and P300 amplitude (Figure 3) . From Figure 3 , we could observe a significantly positive relationship (r = 0.585, p < 0.05, FDR correction) between CC and P300 amplitude, as well as a significantly negative relationship (r = −0.523, p < 0.05, FDR correction) between CPL and P300 amplitude. The potential relationships between the FNC properties and P300 amplitudes. In each subfigure, the red-filled squares denoted the subjects, and the blue solid line was the regression of the FNC property to the P300 amplitude.
C. CLASSIFICATION OF THE HIGH-AND LOW-AMPLITUDE GROUPS
The differentiated FNC properties between the high-and low-amplitude groups were demonstrated in Figure 4 . In subfigure (a), the blue and red solid bars represented subjects with the relatively low and high amplitudes, respectively, the colored asterisks indicates the significant differences of the FNC properties between two groups, and in (b), the red-filled circles denoted subjects in the high-amplitude group, the blue-filled triangles denoted subjects in the low-amplitude group, the gray-filled triangle denoted the outlier subject, and the green ellipses denoted the falsely classified subjects.
Subjects with larger P300 amplitudes showed significantly higher CC (p = 0.000) and shorter CPL (p = 0.000), compared to subjects in low-amplitude group (Figure 4(a) ). Furthermore, after excluding one outlier subject, the classification analysis based on the FNC properties demonstrated that only three out of twenty-three subjects were falsely classified into the opposite group (Figure 4(b) ), by using either LDA or SVM. In other words, an accuracy of 87.26% ± 1.41% (p = 0.000, permutation test) for LDA and of 86.31% ± 2.03% (p = 0.000, permutation test) for SVM could be achieved, when the FNC properties were used to classify these two groups.
IV. DISCUSSION
Network connectivity and topology are two fundamental measurements that are used to measure the large-scale networks in the brain. Recently, some studies have used trial level spatio-temporal fusion to investigate the cerebral networks of P300 [61] , [62] , which took trial-bytrial P300 amplitude (also latency) as regressor in fMRI analysis [63] , and also uncovered the relationships between fMRI time series and amplitude modulations developed across trials [25] . In contrast to these studies, in this study, we intended to investigate the underlying large-scale EEG networks of P300. Herein, we first investigated the large-scale networks hidden in EEG signals, and then probed if these networks involved in the generation of P300. The investigations of potential relationships between the FNC properties and P300 amplitudes then demonstrated that the interconnectivities among large-scale EEG networks significantly related to P300.
ICA allows the decomposition of observations into independent patterns, without any prior knowledge about their activity waveforms or locations [35] . In this study, the spatial gICA was successfully applied to the cortical EEG during P300 tasks; we then extracted six best-fit common functional networks (Figure 2 ). These six networks covered brain areas such as middle frontal gyrus, superior frontal gyrus, superior parietal lobule, and cuneus, which related to different cognitive functions (i.e., attention and working memory). Meanwhile, these regions are clarified to play an important part in the generation of P300 [3] , [9] , [10] . P300 is attributed to the multidimensional high-level cognitive capacities that are linked to specific brain regions affiliated to different functional networks [19] , [20] , [22] , [64] . As expected, these six ICs were the task-related networks involved in different cognitive processes related to P300. The PVN and VN are responsible for receiving and integrating stimulus information. The AN is specialized for the detection of behaviorally relevant stimuli, and the CEN is critical for the active maintenance and manipulation of information in working memory and for the judgment and decision making in the context of goal-directed behavior [65] . Despite the role of SMN in motor function, the SMN also involved in reasoning tasks (e.g., Raven's Progressive Matrices, RPM) that demonstrated the increased functional connectivity of the SMN during light sedation [56] , [66] , [67] . In regard to the LPN, related activity is thought to be involved in the brain response to target stimulus during P300 task. The concurrent activity of these six large-scale EEG networks thereby contributed to the generation of a clear P300 in this work.
FNC reflects the global relationships among distinct largescale networks. Strong FNC strengths indicate the interactions that are actively involved in the brain responses to the related processes of concerned networks. In our present study, we found that several FNC connections, that connected multiple networks including the AN, CEN, and PVN, showed the relatively high correlation coefficients to the P300 amplitudes, even though only the connection between the SMN and VN passed the FDR test (p < 0.05). Meanwhile, positive coefficients were consistently found in these FNC connections. Previous studies demonstrated that activation of the visual cortex could be strongly modulated by attention [68] . In this study, when subjects received the visual information, further processes initialized. Herein, the connected FC pairs of the AN and SMN with the PVN/VN were co-activated suggesting their involvement in the attention and discrimination of the stimulus. Consequently, the processing of related information was attributed to the stronger internetwork connections. In our previous study, we found that spontaneous activity at rest could indicate the degree to which the information can be processed by the brain during tasks, and that subjects with larger P300 amplitudes during tasks had much more efficient brains at rest [22] . For subjects showing larger P300 amplitudes, this might suggest that their brains are preconfigured with higher efficiency for multidimensional aspects of cognition. They are therefore skilled in the maintenance and manipulation of information and the related judgment and decision making that belong to distinct higher-order cognition, which is attributed to the activities of large-scale networks, such as the CEN and SMN. In this study, after related information was received and primarily integrated in networks such as the VN and PVN, the less allocations of FNC connections among related brain networks (e.g., CEN and SMN) were then co-activated to perform the later stage processes related to the P300. In other words, only two additional connections of the CEN versus SMN and the CEN versus LPN were enough to accomplish related processes, and thereafter, a clear P300 signal was elicited.
As illustrated, the FNC of these six ICs was closely related to the generation of P300, and the FNC properties were significantly related to the P300 amplitude in Figure 3 (CC: r = 0.585, CPL:r = −0.523, p < 0.05, FDR correction). As is well known, the P300 is regarded as a biomarker for higher-order cognitive processes, such as attention and working memory. The P300 amplitude represents the strength of the cognitive processing involved in tasks [69] , [70] , indicating that the P300 amplitude is correlated with the amount of attentional resources devoted to a specific task. As the FNC properties directly reflect brain efficiency, the larger CC and shorter CPL denote an increase in the efficiency of information processing in the brain. The higher efficiency then corresponds to the stronger capacity of the brain to evoke larger physiological response, such as the larger P300 amplitude (Figure 3) . From Figure 3 , we could find the significantly positive relationship between the FNC efficiency and P300 amplitude, and stronger FNC efficiency corresponded to the larger P300 amplitude evoked by the presentation of target stimulus in P300 task. In our present study, this finding was further confirmed by the significant differences in the FNC properties between the high-and low-amplitude groups (Figure (4a) ). In addition, the classification between two groups (Figure 4(b) ) further demonstrated that the FNC properties related to the generation of P300. Twenty out of twenty-three subjects (accuracy of 87.26% for LDA and of 86.31% for SVM, p = 0.000, permutation test) were correctly classified into correct (i.e., high-or lowamplitude) group. These findings may provide a new insight into understanding the mechanisms that account for the intersubject variability of P300 and also demonstrate new indices for the prediction of the P300 amplitude for subjects. 
